Abstract -Gene regulatory network in one of most important methods for understanding biological functions of genes from gene expression profiles. The effective clustering algorithm is the foundation for constructing gene regulatory network. In this paper, by introducing the concept of Gene Ontology (GO), which express the the biological knowledge and has already been obtainable from biologists, a new distance metric is proposed to replace the conventional one which considers only the difference between genes in expression levels. Firstly, the corresponding parents of a target gene is determined by using the clustering technique based on the proposed distance between genes. Secondly, a multi-variable nonlinear regression is utilized to model the predictors for each target gene. Finally, for each target gene, coefficient of determination (CoD) is employed to compute the probability of selecting different predictors for each gene. Some experiments were performed for testing the constructed gene regulatory networks. The results show the effectiveness of the proposed method.
I. INTRODUCTION
In the past few years, DNA microarrays have become major tools in the field of functional genomics. In contrast to traditional methods, these technologies enable researchers to collect tremendous amounts of data, whose analysis itself constitutes a challenge. On the other side, these highthroughput methods provide a global view on the cellular processes. To further understand the nature of cellular function, it is necessary to study the behavior of genes in a holistic rather than in an individual manner because the expressions and activities of genes are not isolated or independent of each other. The construction of gene regulatory networks is of great importance to reflect the relation between genes.
There have been a number of mathematical and computational methods being developed to attempt modeling gene regulatory networks, including linear models [1, 2] , Bayesian networks [3, 4, 5, 6] , neural networks [7] , differential equations [8] , and models including stochastic components on the molecular level [9, 10, 11, 12] . Recently, the probabilistic gene regulatory networks (PGRNs) have received the most attention. There are many references applying this kind of network to genomic analysis, such as [9, 13] , which provided insight and a conceptual framework for an integrative view of genetic function and regulation. Nevertheless, how to build PGRNs from gene microarray data remains an open problem.
As we know, the advantage of PGRNs is that they naturally allow one to incorporate prior biological knowledge [14] . In this paper, we first propose a new method based on spectral clustering for the partitioning of genes according to their biological function. The functional information is based on Gene Ontology annotation, a mechanism to capture the functional knowledge of genes via public databases. Upon completion of the clustering, we can restrict our attention to constructing network functions for a gene in terms of the other genes within its information-based cluster using Nonlinear Multi-variables Regression and CoD techniques.
The paper is organized as follows: Section 2 describes the probabilistic gene regulatory networks and the problem statement on how to construct the PGRNs. In Section 3, clustering analysis via the prior biological function of genes based on gene ontology. In Section 4, predictors used for gene regulatory networks are estimated using a nonlinear multivariables regression. In Section 5, the CoD is used for selecting predictors probabilistically. Section 6 provides experimental results analysis and conclusions.
II. PROBABILISTIC GENE REGULATORY NETWORKS
In a probabilistic gene regulatory network, for every node i x , there are 
III. GENE CLUSTERING VIA GENE ONTOLOGY

A. Gene ontology
The Gene Ontology (GO) is one of the most important ontologies within the bioinformatics community and is developed by the GO Consortium [24] . It is specifically intended for annotating gene products with a consistent, controlled and structured vocabulary. The GO represents terms in a directed acyclic graph (DAG) covering three orthogonal taxonomies or "aspects": molecular function, biological process, and cellular component. Terms in the ontology are interrelated. For example, a "neurogenesis" is a "organogenesis" (see Fig. 1 ). In this example, "organogenesis" is a more general concept (or term) than "neurogenesis". There are currently around 18,000 terms in the Gene Ontology and the relationships between terms in the ontology allow us to measure the similarity between genes in a functional way. For example, one gene may be associated with the term "neurogenesis" and another gene associated with "odontogenesis". As can be seen in Fig. 1 both of these terms are child terms (or more specific concepts) of "organogenesis". B Cooperative distance measurement (1) Distances within the Gene Ontology There are a couple of semantic similarity and distance measures of different complexity [15] , most of them were originally developed for taxonomies like WordNet. In this paper we use a distance measure based on the information content of each GO term developed by Jiang and Conrath in [16] . The information content of a term is defined as the Probability of occurrence of this term or any child term in a dataset [17] . Following the notation in information theory, the information content IC of a term c can be quantified as follows: (for a probability, we use P, while for density, we use p in general)
where ) (c p is the probability of encountering an instance of term c . The equation implies the fact that as the node's probability increases, its information content or its informativeness decreases. . Now, we have the distance measurement between genes, the traditional(not traditional, but conventional) clustering algorithm, such as SOM (selforganizing mapping) can be applied to accomplish the clustering task for genes. (3) Optimize the number of clusters and find the sets of parent genes for each gene Suppose that we desire to partition the set of gene variables
.We selected the number of clusters k in our data according to the maximal mean Silhouette index [19] . The Silhouette value for each point is a measure of how similar that point is to points in its own cluster vs. points in other clusters, and ranges from -1 to +1. It is defined as: is the average distance from the i th point to points in another cluster j . We hope that we can find the optimal partition scheme such that the cost function attains the minimum, that is,
where S denotes the set of all possible partition schemes. By varying the value of k , we can find the optimal number of clusters * k with the minimal cost function. The set of parent genes for each gene is obtained by clustering procedure.
However, in gene microarray analysis, we know, the optimization problem depends on not only the training algorithm but also the sample size N . Suppose we have confirm the unique set of parent genes for a target gene according to * k , the next step we should design another training algorithm to train the parameters of parent genes again and again so that the regulatory result will close to the desired one as possible. In every iteration, the error between the desired results and the actual ones will be produced. 
V. COD FOR PREDICTORS
A natural way to select a set of predictors for a given gene is to employ the coefficients of determination [20] . 
where g is a { }
For each k , the CoD for i x relative to the conditioning set )) ( (
Now, we can determine the probability being selected for every set of possible parent genes based the corresponding CoD, that is,
For each set of possible parent genes, the greater ) (i k c , the higher the possibility to regulate the target gene.
VI. EXPERIMENTAL RESULTS AND CONCLUSIONS
A. the validation for functional distance in clustering process
Here, we chose a publicly available microarray dataset annotated the genes with GO information and used them for functional clustering.(not good in sentence)also, you need present the website for getting the data) We used these 517 genes for which the authors provide NCBI accession numbers. since we are more interested in gene function, we only use the taxonomy biological process of the GO. Out of the 517 genes, 238 genes showed one or more GO mappings to biological process or a child term of biological process. These 238 genes were used for the functional clustering of genes. Fig.3 is what we obtained via clustering operation. for the two kinds of distance respectively. The figure shows that the functional distance that we used in clustering algorithm gives significant better results than the other approach used the traditional distance(for example, the Euclidean distance). From the figure, we find that the average Silhouette indexes of functional distance clustering are always higher than the traditional distance clustering, and it represents the obvious stability.
B. the experiment for construction gene regulatory network
The ternary cell data of the survey (14 genes) are given in [21] , under the conditions IR(ionizing radiation), MMS(methy1 methane sulfonate) and UV(ultraviolet radiation) have the values 1 or 0, depending on whether the condition is or is not in effect. Suppose we have know the optimal partition number is four, and we select the k-partition schemes for
. From the clustering results, we can find the possible parents for each gene. Then we calculated the CoD and probability of each set of parent nods being selected used to regulate the target gene. In Tab.1, the result shows that the gene set ) 10 ( 1 X has more probability being selected for regulating the target gene 10 x . In the same way, we can find the corresponding sets of parent nodes with the greatest probability to regulate the different target genes. Now ,we can draw the regulatory structure from the above experiment results. 
C.Conclusions
In this paper, we developed a method for constructing probabilistic gene regulatory networks. Firstly, we determine the number of possible parent gene sets and the corresponding input sets of a target gene, and this is done by using a novel clustering technique based on gene ontology in order to further understand the biological function of genes, that is, genes with similar biological functionality should be clustered into one group. Secondly, a multi-variables nonlinear regression is applied for modeling the predictors according to the different parent gene sets for each target gene. Finally, coefficient of determination (CoD) is employed to compute the probability of selecting different predictors for each gene. To test this approach for constructing probabilistic gene regulatory networks, we have applied our approach to microarray data from publicly gene dataset. The results show that it is possible to construct probabilistic gene regulatory networks with the method represented here effectively. 
